In highly flexible and integrated manufacturing systems, such as semiconductor manufacturing, the strong dynamic interactions between the equipment condition, operations executed on the equipment, and the resulting product quality necessitate a methodology that integrates the decision-making process across the domains of maintenance scheduling and production operations. Currently, maintenance and production operations decisionmaking are two decoupled processes. In this paper, we devise an integrated decisionmaking policy for maintenance scheduling and production sequencing, with the objective of optimizing a customizable objective function, while taking into account operationdependent degradation models and a production target. Optimization was achieved using a metaheuristic method based on the results of discrete-event simulations of the target manufacturing system. The new approach is demonstrated in simulations of a generic cluster tool routinely used in semiconductor manufacturing. The results show that jointly making maintenance and production sequencing decisions consistently and often significantly outperforms the current practice of making these decisions separately.
Introduction
Maintenance is an essential part of manufacturing operations, ensuring that adequate production resources are available to achieve desired productivity and quality in a manufacturing system. As the manufacturing systems become more complex and advanced, they demand highly sophisticated and costly maintenance strategies. Overall maintenance costs in the U.S. were estimated to be over $600 billion in 1981, with the expectation that they would double in the following 20 years [1] . Out of these maintenance costs, 33-50% was estimated to be wasted on ineffective maintenance [1] , which just emphasizes the need for advanced research in this area.
Generally speaking, there are two main types of maintenance operations: reactive maintenance (RM), which occurs after a tool/ machine starts to function improperly or fails completely, and preventive maintenance (PM), which is performed on a tool/machine before unacceptable behavior occurs. Even though RM is unavoidable, it is usually much more costly and time consuming than the PM [2] . Hence, proper scheduling of PM is always desired to keep the production line on, maintain the product quality, and avoid hazards and losses caused by equipment failures and RM events.
PM policies can be roughly characterized as reliability-based maintenance (RBM) policies, where maintenance is performed at certain time or usage intervals, and condition-based maintenance (CBM) policies, where maintenance is performed when the condition of the machine, as assessed from the sensors mounted on it, requires a PM to take place. RBM decisions are based on the long-run statistical behavior of the system degradation process, observed over multiple machines or components of the same type, executing the same operation. Hence, those decisions are not particularly tuned to an individual machine, unlike CBM, which is more customized and dynamic in the sense that decisions are based on the condition of an individual system assessed at that point in time. Therefore, the effects of CBM decisions can be significantly better than those based on RBM policies [3] , with PM events occurring only when and where necessary, which saves resources and improves system availability [4] .
In flexible manufacturing systems (FMS), maintenance decisions are considerably harder to make, as the machines have the capability of conducting different manufacturing operations and/ or producing at various speeds. In such systems, degradation of a machine depends highly on the operations performed on that machine. Thus, selection of operations executed on a machine directly affects PM decisions by changing the degradation dynamics. On the other hand, PM actions interrupt production and change the equipment availability, which in turn directly affects decisions as to which operations should be performed on which piece of equipment [5] .
Let us give a real-world example to explain the strong dynamic interactions between the degradation dynamics of the tool and the operations executed on it better. In a semiconductor fab, a typical cluster tool, such as a plasma-enhanced chemical vapor deposition tool, has multiple chambers that can execute different operations, with a material handling system that feeds those chambers from a common buffer and outputs processed wafers into a common buffer. Usually, there are different wafers (products) in the queue that need to be processed on this tool, with different wafers needing different operations to be executed, and each of these operations degrading the tool differently. Suppose that one of the chambers is highly degraded and the next wafer assigned to that chamber requires an operation that degrades the chamber very fast. If that operation is executed, it may cause the machine to fail and hence we would need to execute a PM event before executing that operation. However, if there is another wafer in the queue that degrades the chamber slower, we may prefer to execute the operation associated with that wafer, thus delaying the PM event perhaps to a period when maintenance costs are lower or when it can be grouped together with some other PM intervention. Therefore, the product sequencing inherently affects the maintenance schedule. On the other hand, when one of the chambers is under maintenance, we cannot execute any operations on that chamber. Therefore, the operations assigned to it would have to be moved to other chambers, which would change the degradation dynamics in them. Furthermore, if the next wafer in the queue requires an operation that can be executed only on the chamber that is under maintenance, then there might be a delay in the system operation, unless the sequencing of the wafers is re-arranged. Hence, the maintenance scheduling fundamentally affects the product sequencing. This inherent coupling between decisions in the domains of PM and production operations necessitates simultaneous consideration and optimization of maintenance and production decisions, especially in FMS in which such decisions can readily be executed.
In this paper, we study the problem of joint decision-making in the domains of product-type sequencing and maintenance scheduling in a multiple-product/multiple-machine manufacturing system, where each product requires several operations for completion. These operations are executed on nonidentical machines, each of which can execute a certain subset of operations, with each operation degrading a machine differently and the outgoing product quality deteriorating along with the advancement of machine degradation. The fact that along with scheduling of the maintenance events, the sequence in which the products are released into the FMS can also be changed, means that the goal of producing a given number of units of each product type could be achieved via multiple different product sequences. Such a capability will enable us to potentially counter the degradation process by reordering the product sequence in a way that less-abrasive and degradation-sensitive operations are executed during periods when degradation-levels in the FMS are high and vice versa, thus temporarily reducing risks of system failures and delaying maintenance. Also, if such an opportunity exists, it will allow us to take advantage of the cheaper maintenance time periods when machine availability may not be highly important, such as night shifts or weekends. As will be visible in later parts of this paper, such capabilities will bring about significant benefits compared to the more traditional paradigm of fragmented decision-making in the realms of maintenance and production scheduling.
The rest of this paper is organized as follows. In Sec. 2, we will briefly review the latest progress in integrated maintenance and production operations decision-making in manufacturing systems. In Sec. 3, we formally define the problem of integrated decisionmaking for maintenance scheduling and production sequencing in an FMS, while Sec. 4 introduces a novel solution procedure for the joint decision-making problem. In order to assess the performance of the newly proposed decision-making methodology and compare it with some more traditional decision-making policies, the results collected from a series of numerical experiments based on the simulations of a semiconductor cluster tool are enclosed in Sec. 5. Finally, Sec. 6 discusses the conclusions of this work and possible directions for future research.
Review of Integrated Maintenance and Production Operations Decision-Making in FMS
The need for simultaneous maintenance and production operations decision-making in FMS has been addressed only recently. Ben Ali et al. [6] aimed to solve the simultaneous production and maintenance scheduling in a job shop. They considered both agebased and usage-based PM. It was assumed that the assignment of the jobs to the machines and the number and type of the maintenance tasks to be executed on each machine were predetermined. They then used a genetic algorithm (GA) [7] to find the best sequencing for these predetermined production and maintenance operations on each machine. Jin et al. [8] also aimed to find the best PM and job sequencing using a GA. However, in their work, instead of having a PM event exactly at every s time units, they used maintenance time windows within which PM operations had to take place, and determined the optimal PM strategy accordingly.
Yang et al. [9] combined age-based maintenance decisions with operations decision-making in an environment where there are only two operation modes available: fast and slow. Naturally, a fast operation mode leads to a faster degradation but also higher production rate, and vice versa. This effect is modeled by operation specific reliability functions, and optimal schedules are sought for using a GA, with the effects of each schedule being evaluated via discrete event simulations. It was shown in their work that jointly optimizing production (slow versus fast production) and maintenance operations results in decreased maintenance times and increased profits.
A more complex situation is considered in Zhou et al. [5] . They develop an integrated reconfiguration and age-based maintenance (IRABM) policy on a single-product parallel-serial system with reconfiguration capabilities. Reconfigurations consisted of transferring flexible operations (i.e., the operations that can be executed by more than one machine) to a different machine from the one to which they were initially assigned to, if that move was deemed to be more cost effective. With reconfiguration capabilities comes the ability to improve system throughput and reduce the likelihood of a system-wide failure. Nevertheless, there is also an associated cost of operation transfer from a degraded machine to a less degraded one, necessitating a tradeoff between the benefits and drawbacks of operations reconfiguration. It has been shown in their study that for a wide spectrum of parameters, the IRABM policy outperforms the traditional age-based maintenance policy in terms of lower expected total cost, smaller number and amount of unscheduled downtime and higher productivity.
The previous two publications [5, 9] modeled operationdependent degradation through operation specific reliability functions, which makes them very suitable for RBM approaches in maintenance decision-making. On the other hand, when it comes to CBM and operations decision-making, one should mention the work of Iravani and Duenyas [10] , which utilized Markov models to model the degradation of the machine conditions, with states of the Markov model representing states of the system degradation. PM is triggered when the degradation state reaches a certain threshold level, rather than at fixed time/usage points, which makes this model particularly suitable for PM decision-making in the CBM context. The objective in Ref. [10] was to minimize the total average inventory and maintenance costs by finding the optimal production and maintenance policy. In other words, at any operational state, based on the inventory available, the optimal policy determined whether the machine should produce one more item, stay idle or be maintained. The study of Yao et al. [11] provided an improvement of the work presented in Ref. [10] by not just deciding on whether to produce or maintain, but if the production option is chosen, also deciding on how much to produce. In a more recent study [12] , Jin and Ni propose a model that determines the optimal production quantity and the PM level (minimal, imperfect, perfect) at each decision epoch for a single-product manufacturing system. However, the PM level decisions are not given based on the condition of the system but on the long-term benefits and cost savings associated with PM activities.
In Refs. [10] [11] [12] , the authors considered systems which produced only a single type of a product, which means that they did not consider the effects of producing different products on the degradation dynamics of the equipment and the overall decisionmaking system. Kazaz and Sloan [13] and Cai et al. [14] tackle the maintenance and production planning problem in a singlestage multiple-product system. In these studies, at each decision epoch, the question of whether to maintain the machine or not is answered based on the current degradation state of the machine. If production option is chosen, the decision on which type of product to produce is made. The main point separating their work from the more traditional research and practice which employs sequential scheduling is that they create the production and maintenance schedule simultaneously, instead of determining a production schedule first and then assigning maintenance events with this given production schedule.
A somewhat different approach is used by Zhou et al. [15] , who use a simulation-based optimization in a load-sharing system, where different components of the system share an overall load. In such systems, loads allocated to each machine vary, which affects degradation dynamics of each machine (higher loads leading to faster degradation and vice versa). It was shown that integrated load allocation and condition-based maintenance policy introduced in that paper results in the increased availability of equipment and more cost effective operations of the system, when compared to the traditional CBM.
One more aspect of manufacturing that can be addressed within this framework is the interaction between manufacturing quality and decision-making in the maintenance and production realms. Namely, as machine condition degrades, the outgoing product quality (yield) usually also decreases. One of the earliest works considering the effects of equipment condition on the outgoing product quality and incorporating it into maintenance and production scheduling is reported in Ref. [16] . In that work, a decisionmaking policy that simultaneously determines maintenance and production schedules for a multiple-product, single-machine system was developed by considering the fact that the machine condition can affect the yield of different product types differently. In a later study, Sloan [17] extends the work from Ref. [16] by considering varying production targets and multiple maintenance actions. In addition, Sloan and Shanthikumar [18] consider multiple machines and add job dispatching decisions to the decisionmaking process developed in Ref. [16] . In that work, they compare the performances of a set of predetermined dispatching rules (such as first come first serve, shortest processing time, selecting the lot with highest yield, etc.) and several specific maintenance policies (such as fixed state, fixed time, etc.).
More recently, Lee et al. [3] present a novel method on joint CBM and product dispatching decision-making with yield considerations, and applied it in a semiconductor manufacturing environment. Unlike Ref. [16] , Lee et al. [3] do not consider only a set of a priori determined CBM policies. Instead, CBM policies for different product types are determined via discrete event simulation and a GA-based optimization of maintenance triggering states. The authors report that using product type-dependent CBM policies results in increased yields. However, they overlook the fact that degradation is an operation-dependent process and assumes that each operation affects the degradation of the equipment in the same way.
In a later study, Lee et al. [19] propose a method for obtaining an optimal periodic maintenance inspection policy that takes nonnegligible repair times into account for a one or two-unit manufacturing system, where the degradation dynamics of the tools are characterized by unidirectional Markov chains. Simulation results for a chamber tool during the chemical vapor deposition process of semiconductor manufacturing show increased yield, availability, and decreased maintenance cost.
The existing literature did not address the problem of joint product-type sequencing and maintenance scheduling in a multiple-product/multiple-machine manufacturing system, with machine conditions and outgoing product quality degrading according to operating mode specific models. This situation describes the reality in typical FMS, like a semiconductor fab, and will be addressed in this paper. Degradation processes of the machines will be modeled as operation-dependent Markov models, with the output quality of the products decreasing as the condition of the machine degrades, following a known productspecific and degradation state specific stochastic model. The decision-making will be done by concurrently seeking maintenance triggering states and product-type sequence that maximize a reward function that considers the benefits of production, costs of maintenance and penalties for unmet production goals. Formal definition of the problem considered in this paper is offered in Sec. 3.
Problem Statement
Let us consider a FMS with m manufacturing stations labeled c 1 ; c 2 ; …; c m and assume that in those stations we are producing a set of product types 
where q i is the number of operations that can be executed by that station. Any two stations c i1 and c i2 may be able to execute some common operations, which means that O ci 1 \ O ci 2 , for c i1 , c i2 2 c 1 ; c 2 ; …; c m f gare not necessarily empty sets. In other words, some operations can be executed by more than one station, making it necessary to choose which station to use for a given operation. The goal will be to produce N wj of each product type w j 2 W, within a certain mission time T.
We assume that the degradation is perfectly observable and is described via concatenated operation-dependent Markov models. Thus, in this study, we acknowledge that different manufacturing operations have different degradation effects on the stations on which they are executed. More specifically, the degradation process of each station c i is characterized by a set of operationdependent Markov Chains defined over a common state space S ci ¼{1; 2; …; M ci }, with states denoting the degradation states of the manufacturing station (1 denoting the "good as new" state and M ci denoting the "failed" state). For any station, the probability of transitioning from state a to state b if operation o k is executed in it is defined as operation-dependent and station-dependent P When a maintenance operation is performed, the condition of a station will get better, but it may not necessarily go to the good as new state. In this paper, the probability of transitioning to a better state as a result of a maintenance operation on any station is modeled by station-dependent state transition matrices P ðmÞ ¼[P 2 This means that, unlike what we see in a lot of existing research, this study acknowledges that PMs do not necessarily restore the perfect condition of the maintained system (good as new), or just restore the functionality of the system without improving its condition (situation known as minimal maintenance, or "as bad as before").
Let S ok ci denote the state of station c i that triggers PM when operation o k is executed in it. It means that if the current degradation state X i ðtÞ of station c i is greater than or equal to S ok ci , then operation o k could not be performed on that station, unless a maintenance operation is done on it beforehand. Thus, as time passes and stations degrade, each station "looses" more and more operations that can be done in it, unless a maintenance action is invoked on it to restore its condition. 2 Matrices P ðmÞ are assumed to be such that P In addition, let us take into account the fact that as the degradation level of a station increases, the probability of success of any operation executed on that station decreases. We assume that for any station, the probability of success of a given operation is a known function of the operation o k 2 O and the station state X i , denoted as s ci ðo k ; X i Þ.
Finally, let [d 1 ; …; d F ] denote the production sequence in which the products are processed in the FMS, where d q 2 w 1 ; w 2 ; …; f w l g, q ¼ 1; 2; …; F and F is the total amount of products that are fed into the manufacturing system. 3 In this paper, it will be assumed that the FMS is such that the sequence [d 1 ; …; d F ] in which products are released into the FMS can also be changed. This means that the goal of producing a given number of units of each product type produced in a system could be achieved through multiple different sequences in which the units are released into it.
The decision-making objective will be to find a combined policy of maintenance triggering states across a system and product-type sequencing which maximizes a reward function that considers the benefits of production, costs of maintenance and penalties for unmet production goals. The benefits of production (rewards) come from selling the good products. 4 As the machines degrade, the probability of successfully completing an operation decreases, hence the number of scrap (not good) products increases, which makes it harder to meet the production goal. If the number of good products produced is not enough to meet the production goal, we assume we lose the customer that demanded those products and hence incur an unmet production goal penalty. In order to maximize the reward function, we would like to increase our rewards as much as possible and incur no penalty for unmet production goal. This is only possible by keeping the machines in the good as new state and thus mostly eliminating scrap products. However, this would mean maintaining the machines constantly, which would be very costly. To find the tradeoff between the number of maintenance events executed and the number of scrap products produced, we have included maintenance costs associated with each PM and RM events into our reward function. More formally, the decision optimization problem will be defined as follows. Let N wj denote the production goal for product type w j 2 w 1 ; w 2 ; …; w l f g , and let n wj denote the number of good products of type w j produced during mission time T. The integrated decision-making policy will be pursued through the optimization procedure maximize 
where
• R wj is the unit reward for good products produced of type w j , w j 2 W • p wj is the unit penalty for penalizing unmet production for product type w j , w j 2 W • c r denotes the unit cost of RM per RM event • c p is the unit cost of PM per PM event • c cr denotes the unit cost of RM conducted during time intervals in which maintenance operation can be performed at a cheaper price (such as night shifts, weekends) 5 • c cp is the unit cost of PM executed during time intervals in which maintenance operations can be executed at a cheaper price 6 • V r is the total number of RM events • V p is the total number of PM events • V cr is the total number of RM events during less expensive maintenance time periods • V cp is the total number of PM events during less expensive maintenance time periods 1). We understand that cost models in different companies would be very different. Even within a single company, different parts of the company may implement different cost models. Therefore, we created a method that is not dependent on the cost function in the sense that we used simulation based metaheuristic optimization where the cost function can easily be changed to suit the reality of a company while the optimization method would not change at all. In order to demonstrate our method, we utilized a very simple and intuitive objective function (shown in Eq. (1)) that rewards production and punishes downtime and scrap products. Interested readers/users can easily change the objective function to accommodate the needs of their production systems.
The expectation operator is applied because of the stochastic effects induced by randomness in the reliability of equipment (states of manufacturing stations degrade according to operation specific and machine specific stochastic processes), conditiondependent yields (for each operation and each machine, one has a probability of successfully completing the operation), maintenance effects (equipment condition after maintenance is stochastic as mentioned earlier), and repair times (repair times are not deterministic in our study). All these random effects are modeled via discrete event simulations and objective function results obtained from multiple runs of the simulations are averaged to estimate the expected profits corresponding to any given product sequence and maintenance triggering policy. 3 Effectively, [d 1 ; …; d F ] is the sequence in which the products are released into the system. 4 Products of acceptable quality. 5 Of course, if such periods of cheaper maintenance do not exist in the given FMS, then c cr ¼ c r . 6 Once again, if such periods of time do not exist in a given FMS, then c cp ¼ c p .
In order to assess the performance of the newly proposed methodology, the integrated decision-making policy introduced in this paper will be compared with the traditional operationindependent CBM policy [16, 20] , which assumes that the maintenance triggering states for each manufacturing station are independent of the operation executed on it (i.e., S
The new decision-making policy will also be compared to the operation-dependent CBM policy, recently introduced in Ref. [21] .
] is assumed to be a priori given, which is consistent with the traditional, fragmented approach to maintenance planning and production scheduling. For completeness, these two benchmarking problems are defined below.
Operation-Independent CBM Policy Determination:
Operation-Dependent CBM Policy Determination:
4 Solution Procedure 4.1 Solution Representation. For an m-station manufacturing system with K operations that can be executed in these stations, a solution for PM triggering states can be represented with a K Â m matrix illustrated in Fig. 1(a) . In this matrix, ith column represents the maintenance triggering states of station c i for each operation, and similarly, kth row represents the maintenance triggering states of each station when operation o k is executed in it. In addition, the product type sequence [d 1 ; d 2 ; …; d F ] can be represented as an array of symbols denoting the product types, as shown in Fig. 1(b) . It is now easy to see that there are up to
F wj ! candidate solutions in the solution space for the problem (1), though this number can be decreased by acknowledging that not all operations can be executed in all stations. Nevertheless, even the aforementioned reduction usually results in a solution space that is too large for complete enumeration, especially when candidate solutions are evaluated via replicated discrete-event simulations.
Hence, in order to find a practical, suboptimal solution, a tabu search metaheuristic algorithm [22] is used, with discrete-event simulations of the target manufacturing system providing cost effects of any candidate decision. The average profit relevant to each candidate solution is evaluated from multiple replications of the discrete-event simulations of the target manufacturing system and is fed back into the tabu search algorithm to guide the movements toward improved candidate decisions.
Tabu Search Algorithm.
Tabu search has recently begun to receive attention in the realm of maintenance optimization Fig. 1 Representation of a candidate solution for the integrated decision-making policy problems [23] [24] [25] [26] . The main idea of tabu search is to mark a candidate solution as "tabu" once it has been evaluated so that the same candidate solution is not visited by the algorithm over a certain number of iterations. The search starts from a randomly seeded or problem specific initial solution and moves iteratively from a non-tabu candidate solution x to another non-tabu solution x 0 in the local neighborhood of x. In this paper, the local neighborhood of any candidate solution is created by generating neighborhoods for the candidate maintenance triggering states and product type sequence. In order to create a neighbor for the maintenance triggering states of the current solution, a cell in the corresponding matrix (shown in Fig. 1(a) ) is selected randomly and its value is perturbed. This procedure is repeated a predetermined number of times in order to generate a local neighborhood of the current solution, as illustrated in Fig. 2 for a system with three stations, each having five degradation states and being capable to execute four operations. For the product type sequence, neighbors were generated by pairwise interchanges of two randomly selected product types (two randomly selected cells in the array representing the product sequence in Fig. 1(b) ). The local neighborhood was created by generating a predetermined number of neighbors, as illustrated in Fig. 3 , which shows an example of neighborhood generation for a product type sequence in a system that produces ten products (three of product type w 1 , two of product type w 2 , two of product type w 3 , and three of product type w 4 ).
This mechanism of movement through the two domains of the solution space was used within the tabu search in the following manner. At each tabu search iteration, a limited number of product type sequence neighbors of the current candidate solution is generated. Then, for the sequence that gives the highest profit, a predetermined number of cells are selected from the matrix representing the maintenance triggering states and their values are perturbed. The new candidate solution is then selected from this set as the non-tabu solution generating the highest profit.
It should be noted that the operation-dependent CBM policy presented in Ref. [21] and a randomly selected product type sequence were used in this study as the initial solution in order to speed up the metaheuristic optimization process.
A tabu list is implemented to prevent returning to the solutions already visited for a certain number of iterations. However, if the best solution among the candidate solutions is obtained by a tabu move that yields an expected profit higher than the best profit obtained thus far, then its tabu status is overridden and it was allowed to be selected as the next incumbent solution. In other words, in the tabu search employed in this paper, we used the well documented aspiration criterion concept, often used in the tabu search literature [27] .
The algorithm terminates whenever the maximum number of iterations is reached or no improvements are made for a certain number of consecutive iterations.
Solution Procedure for Benchmark Policies.
For a manufacturing system with m stations, where station c i has M ci degradation states, the solution space for optimization of the traditional operation-independent CBM policy consists of up to Q m i¼1 M ci À 1 ð Þ candidate solutions (since degradation state 1 would never be observed as a potential solution in a CBM policy, as it denotes a trivial policy of maintaining the station after each operation). Thus, the CBM solution space for a simple five-station manufacturing system, where each station has five degradation states, consists of 4 5 ¼ 1024 candidate solutions. Since our focus in this study was on a small manufacturing system (see Sec. 5), this problem was solved using complete enumeration, with the expected profit of each candidate solution being determined via discrete-event simulation of the target system over multiple replications. As for the operation-dependent CBM policy, the solution procedure has been presented in detail in Ref. [21] , and will not be elaborated on in this paper.
Results
The newly proposed integrated decision-making in the domains of PM scheduling and product sequencing was tested on an example of a cluster tool, a highly sophisticated and integrated machine routinely used in semiconductor manufacturing. A typical cluster tool is a "mini" manufacturing system of interacting Transactions of the ASME manufacturing stations 7 and can be seen as a quintessential FMS, since each chamber in the tool can be used to execute various operations with various operating parameters. For example, in a cluster deposition tool, different film layers and thicknesses deposited in its chambers can be seen as different operations performed in the corresponding manufacturing stations, while different wafer types pushed through the tool can be seen as different product types produced in this system.
In order to assess the performance of the newly proposed optimization methodology, we used the AUTOMOD software package [28] to simulate a five-chamber cluster tool, producing three types of wafers. Throughout our study, we used 40 simulation replications to evaluate each candidate solution for a maintenance and product sequencing policy. This number was determined by increasing the number of replications until further increase of this number did not result in significant changes in the average profit effects of simulations ran for a wide set of parameters.
Baseline Example.
The parameters used in the baseline example are given in Tables 6, 7 , and Fig. 19 . Within this plethora of parameters, let us note that PM times are assumed to be approximately one half of the corresponding RM times. In addition, the night shifts (8 pm-8 am) were assumed to be the periods of cheaper maintenance, during which maintenance events were assumed to cost 2/5th of a regular maintenance event executed during day shifts (8 am-8 pm), for both PM and RM interventions. It can also be noted that, based on the corresponding Markovian state transition matrices, operations o 2 , o 3 , o 7 , o 9 , o 11 , and o 12 degrade the chambers slower than other operations. In addition, analysis of degradation-dependent yield shows that operations o 3 , o 7 , o 9 , o 11 , and o 13 are more sensitive to degradation, since their yields decrease more severely as the degradation state of the chamber increases. These points will be important as we analyze the effects of the newly introduced integrated decision-making policy and compare them to the benchmark policies.
As mentioned in section 4.3, operation-independent CBM policy was determined through complete enumeration and S CBM ¼ 3 3 2 3 2 ½ was found to be the best operation-independent CBM policy for the baseline parameter setting. On the other hand, in order to optimize the integrated decision-making policy, tabu search algorithm described in section 4.2 was used. The parameters of the tabu search algorithm used in this study were selected in an ad hoc manner and are given in Table 8 . One should note that general guidelines for a more systematic tabu search parameter selection can be found in Ref. [29] .
From Fig. 4 , it is immediately visible that the integrated decision-making policy results in a higher expected profit, when compared to the traditional operation-independent CBM policy and the operation-dependent CBM policy introduced in Ref. [21] . There are several reasons for this performance improvement brought by the newly proposed decision-making method. First, the benefits of considering operation-dependent degradation dynamics and postulating an operation-dependent maintenance policy were apparent, similarly to what we saw in Ref. [21] . Namely, for the best integrated decision-making policy, it was observed that the maintenance triggering states S , and S o11 c5 are higher (allowing more degradation) compared to the traditional, operationindependent CBM policy. As mentioned before, operations o 2 and o 3 degrade the chambers slower than others and the optimized operation-mode-dependent maintenance triggering states yielded by the procedure proposed in this paper support the intuition that less frequent maintenance should be allowed for slower degrading operations. In addition, since operations o 8 , o 9 , o 10 , and o 11 are involved in the manufacturing of cheaper (less rewarding) wafers, the corresponding optimized maintenance triggering states also conform with the intuition that as the wafer reward decreases, the effect of completing that wafer successfully on the profit decreases, thus favoring later triggering of maintenance.
In addition, clear benefits of the ability to adjust product sequencing within the newly proposed decision-making scheme can be seen in Fig. 5 . It can be observed in Fig. 5(a) that the integrated decision-making policy not only decreases the total number of PM events but also increases the number of the PM events occurring in the cheaper maintenance periods, when compared to the benchmark policies. The reason for this is that, by allowing changes in the product sequence, the integrated decision-making policy takes advantage of the cheaper maintenance periods and rearranges the product sequencing in a way that more PM events are pushed to take place during those periods. This is a significant feature which contributed to the beneficial cost effects of the decision-making procedure introduced in this paper, which is not available in the fragmented maintenance and product sequencing decision-making schemes traditionally pursued in manufacturing today.
To gain better understanding of the newly proposed integrated decision-making policy, we studied the influences of cheap/ regular maintenance cost ratio, unmet production penalty cost (p wj ) and production goal (N wj ) parameters, as well as the efficacy of maintenance execution on the resulting decisions and their effects. Results of these studies are enclosed below.
Influence of Cheap/Regular Maintenance Cost Ratio.
The ratios of maintenance costs during the cheap and regular maintenance periods were varied across a wide range of values 8 and, as can be clearly observed from Fig. 6 , for all cheap/regular maintenance cost ratios, the integrated decision-making policy results in a higher expected profit when compared to the benchmark policies. Figure 7 illustrates how the integrated decision-making policy took advantage of the cheaper maintenance periods and delivered higher expected profits. Namely, as the cheap/regular maintenance cost ratio decreases and execution of PM operations during cheaper maintenance periods carries more potentials for savings, the integrated maintenance policy arranges the product sequence in such a way that more maintenance events occur during the cheaper maintenance periods, thus taking advantage of the reduced cost. This increasing trend is clearly evident in Fig. 7 .
Furthermore, as illustrated in Fig. 8 , the benefits of the integrated decision-making policy relative to the operation-independent CBM policy increase as the cheap/regular maintenance cost ratio decreases. This is reasonable since with the decrease in the cheap/ regular maintenance cost ratio, the cost opportunity to push more maintenance events to the cheaper maintenance periods grows.
Since only the integrated decision-making policy has the capability to, when necessary, resequence products and push more PM events to the cheaper maintenance periods, its cost relative benefits over the benchmark policies grow.
The p-values calculated through a paired t-test to observe the statistical significance of the outperformance of the proposed method over the benchmark policies are given in Table 1 . The proposed integrated decision-making policy outperforms the operationindependent CBM policy with statistical significance in all instances. For the higher cheap/regular maintenance cost ratios, the benefits of the integrated decision-making policy over the operation-dependent CBM policy will be lower as pushing the maintenance events to cheaper maintenance periods would not yield substantial maintenance cost decrease. Therefore the proposed method does not outperform the operation-dependent CBM policy significantly for higher cheap/regular maintenance cost ratios.
Influence of Unmet Production Penalty Costs (p wj ).
In this section, we investigate the performance of the newly proposed integrated decision-making policy under different unmet production penalty costs. The expected profit and percent improvements over the benchmark policies for various penalty costs are, respectively, given in Figs. 9 and 10. Once again, it is visible from Fig. 9 that the expected profits obtained using the integrated decision-making policy are higher than the profits obtained by the benchmark policies, regardless of the unmet production penalty costs. Also, a closer look at the figure shows that as the penalty costs of unmet production grow, the expected profits obtained using the integrated decision-making policy diminish slightly while the expected profits for the operation-independent and operation-dependent CBM policies diminish considerably. The reason for this situation is that the integrated decision-making policy manages to meet the production goal more reliably by involving a smaller number of maintenance events, compared to the benchmark policies. This reduction in the number of maintenance events is due to the ability of the newly proposed decisionmaking scheme to change the product sequence and to keep assigning less degradation-sensitive products to more degraded machines. This is evident in Fig. 11 , where we see the expected total number of PM events for various unmet production penalty costs. Fig. 5 Comparison between the expected numbers of maintenance events conducted during the expensive and cheap maintenance periods 8 Regardless of the cheap/regular maintenance ratio, average maintenance costs over the length of the day were kept the same as they were for the baseline example.
The same rationale also explains the results presented in Fig. 10 , which shows the percentual improvements brought by the newly proposed integrated decision-making scheme relative to the benchmark policies. The integrated decision-making policy is able to meet the production goal using fewer maintenance events, whereas the benchmark policies require more frequent maintenance interventions in order to meet that goal as the penalty costs increase. This explains why the relative benefits of the integrated decision-making policy over the benchmark policies consistently become larger as the unmet production penalty costs increase. Table 2 shows the p-values calculated through a paired t-test. The proposed integrated decision-making policy significantly outperforms the operation-independent CBM policy in all instances. However, for the lowest penalty costs, the relative benefit of the integrated decision-making policy over operation-dependent CBM policy is the smallest and hence outperformance of the proposed method over operation-dependent CBM policy is not statistically significant.
Influence of Production Goals (N wj ).
Let us now assess the performance of the integrated decision-making methodology introduced in this paper under increasingly demanding production goals. 9 The expected profits for the newly proposed and benchmark decision-making schemes are shown in Fig. 12 and, once again, the integrated decision-making policy consistently yields higher expected profits, when compared to the benchmark policies.
This can be explained by the fact that as the production goals increase, avoiding unscheduled downtime and production penalty costs by preventing the production of scrap wafers becomes increasingly influential on the effects of any decision-making policy. The integrated decision-making policy jointly optimizes product sequencing and operation-specific maintenance triggering states and thus offers more freedom in the operational decisionmaking. For example, for the operations that are executed in the completion of the wafers for which we have a higher production goal, the integrated decision-making policy can suggest earlier triggering of maintenance, thus reducing the number of scrap wafers and increasing the likelihood of reaching that production Fig. 6 Comparison of expected profits for different cheap/regular maintenance cost ratios (black lines denote the 62r limits of the simulation outcomes) for the integrated decision-making policy, operation-dependent CBM policy and the traditional operation-independent CBM policy Fig. 7 Comparison of number of regular and cheap PM events for various cost ratios Fig. 8 Percent improvement obtained by the integrated decision-making policy over the benchmark policies for different cheap/regular maintenance cost ratios Fig. 9 Comparison of expected profits for changing unmet production penalty costs (black lines denote the 62r limits of the simulation outcomes) for the integrated decision-making policy, operation-dependent CBM policy and the traditional operation-independent CBM policy I.e., as one increases the production goals N wj for each product type in the cost functions (1)-(3).
goal. It can also compensate for the consequent increase in the number of PM events by suggesting later triggering of maintenance events for other operations. In addition, by changing the product sequence, the integrated decision-making has the flexibility to assign less sensitive operations to more degraded chambers, thus reducing the number of scrap wafers, and potentially postponing the maintenance of those machines toward periods of cheaper maintenance. The traditional operation-independent CBM policy does not have these flexibilities and as the production goals increase, in order to reduce the number of scrap wafers, the number of maintenance events, and hence maintenance costs increase more dramatically than in the case of the integrated decisionmaking policy. This is clearly visible in Fig. 13 , which shows expected maintenance costs for the three policies considered in this paper.
It is therefore logical that as the production goals increase, the relative benefits of the integrated decision-making policy over the traditional operation-independent CBM policy consistently increase, as can be seen in Fig. 14 . However, it can also be observed in Fig. 14 that for the highest production goal, the percentual improvement of the integrated decision-making policy over the operation-dependent CBM policy actually decreases, as does the slope of the percentual improvements the newly proposed policy relative to the traditional CBM policy. The reason for this can be seen in Fig. 15 . Namely, even though the probability of meeting the production goal decreases for all maintenance policies as the production goal increases, the decrease in this probability for the integrated decision-making policy is more dramatic, as it prefers to decrease the number of maintenance events at the cost of the increased number of scrap wafers, which further reduces the probability of meeting the production goals. Therefore, despite the fact that the expected maintenance cost increases only slightly with the increasing production goals for the integrated decisionmaking policy, the decrease in the probability of meeting the production goal causes the pattern seen in Fig. 14 for the most aggressive production goals. In Table 3 , it is observed that the Fig. 10 Percent improvement obtained by the integrated decision-making policy over the benchmark policies for different unmet production penalty costs Fig. 11 Expected total number of PM events for changing penalty costs (black lines denote 62r limits of the simulation outcomes) for the integrated decision-making policy, operation-dependent CBM policy and the traditional operationindependent CBM policy In order to observe the behavior of the integrated decisionmaking system under conditions where it is no longer more cost effective to sacrifice production for the sake of decreased maintenance cost, we increased the unmet production goal penalties and set them to be double the reward for each wafer. For these penalty parameters, we conducted another comparative study for the same production goals as those considered in Fig. 14 . Results of this study are illustrated in Fig. 16 , which shows percentual improvements of the integrated decision-making policy over the benchmark policies for the increased unmet production penalty costs. For these parameters, the cost of unmet production is so much more severe that the integrated decision-making policy no longer prefers sacrificing production in order to reduce maintenance costs, which is why results in Fig. 16 show consistently increasing percentual improvements over the benchmark policies.
The p-values associated with higher penalty costs are presented in Table 4 . As can be observed in Table 4 , the proposed method significantly outperforms the benchmark policies in all but one instance. For the lowest production goal, the integrated decisionmaking policy yields the lowest relative benefits over the operation-dependent CBM policy and hence the outperformance is not statistically significant.
Influence of Probabilities That PM Actions
Restore the Perfect Condition of the Maintained System (MP). In this study, we acknowledge the fact that the effects of a maintenance operation may be uncertain. As mentioned in the problem description in Sec. 2, we acknowledge that imperfect maintenance may happen and will study in this section the effects of the effectiveness of maintenance operations on the expected profits yielded by different decision-making policies.
Various effectiveness levels of PM interventions are tested using different Markov transition matrices corresponding to the condition-state recoveries induced by PM events. Figure 20 lists the PM-related Markov transition matrices tested in this study. Generally speaking, these matrices express the effectiveness of maintenance operations via the expected equipment condition after a maintenance is executed. Matrices MP1-MP5 are selected in such a way that regardless of the state at which maintenance is invoked, as we go from MP1 to MP5, we see increasingly efficient PM interventions, with increasing probabilities that PM returns the maintained system to better states (closer to the "as good as new" state). Note that MP5 corresponds to perfect maintenance operations that always return the maintained system to the as good as new state.
The expected profits obtained for various levels of maintenance efficacies are shown in Fig. 17 , while the percent improvements obtained with the integrated decision-making policy over the benchmark policies are given in Fig. 18 .
From Fig. 17 , we can once again observe that for all levels of PM efficacy, the integrated decision-making policy results in a higher expected profit, when compared to the benchmark policies. In addition, from Fig. 18 one can see that higher levels of PM efficacy 10 result in more pronounced percentual improvements of the newly proposed policy over the traditional operation-independent CBM policy. This can be explained by the fact that in sophisticated decision mechanisms, such as the newly proposed integrated decision-making, the success of decisions strongly depends on the effectiveness of the execution of those decisions. If the decisions are not executed effectively (when probabilities of restoring the good conditions of the maintained machine are lower), that diminishes the benefits of the integrated decision-making policy and reduces the resulting profits.
In addition, it can also be observed from Fig. 18 that as the maintenance efficacy increases, the percentual improvements obtained by the integrated decision-making policy over the operation-dependent CBM policy first rise and then decrease. This phenomenon can be explained as follows. When the maintenance efficacy is lower, the maintenance triggering threshold decisions in both operation-dependent CBM policy and the integrated decision-making policy are not reliable as the execution of these decisions is far from perfect and hence the benefits of the ability to rearrange the product sequencing become more pronounced. Fig. 15 Probabilities of meeting the production goal for three decision-making policies over increasing production goals However, as the maintenance efficacy keeps increasing, the maintenance decisions are applied more and more effectively and hence the relative advantage of the integrated decision-making policy due to the ability to rearrange the product sequence decreases, resulting in the trend we see in Fig. 18 .
The p-values calculated through a paired t-test are presented in Table 5 . As mentioned in the previous paragraph, when the maintenance efficacy is lower, both the integrated decision-making policy and the operation-dependent CBM policy fail to produce reliable maintenance triggering threshold decisions. Therefore, the proposed integrated decision-making policy does not produce significantly better results than the operation-dependent CBM policy for lower maintenance efficacies.
Conclusions
In this paper, a decision-making method for maintenance scheduling and product sequencing in a multiple machine/multiple operation FMS is presented. To the best of our knowledge, this is the first integrated production and maintenance decision-making method for manufacturing systems consisting of multiple manufacturing stations, which considers operation-dependent degradation models of manufacturing machines in the system and operation-dependent models of the manufacturing yield deterioration caused by equipment degradation.
The newly introduced integrated decision-making policy was applied on a simulation model of operations of a cluster tool, which is a small-scale manufacturing system with a high level of flexibility. It was benchmarked against the traditional operationindependent condition based maintenance policy, as well as the operation-dependent condition based maintenance policy, recently presented in Ref. [21] . In addition, a sensitivity analysis was conducted to evaluate the performance of the newly proposed methodology under varying relative costs of maintenance in periods of cheap and regular maintenance interventions, penalties of unmet production, production goals, and efficacy of maintenance. The results show that the integrated decision-making policy consistently outperforms the benchmark decision policies by providing a higher expected profit. Furthermore, it was observed that decreasing the ratio of costs of maintenance interventions during periods of cheap maintenance relative to those done during regular maintenance periods, as well as increasing of the unmet production penalty costs for unmet production, production goals and efficacy of maintenance execution all resulted in more significant benefits of the newly proposed integrated decision-making policy over the traditional operation-independent CBM policy. In addition, decreases in the cheap/regular maintenance cost ratios and increases in the penalties of unmet production consistently yielded increased relative benefits of the newly introduced policy over the operation-dependent CBM policy from Ref. [21] . Finally, sensitivity studies regarding different production goals and efficacies of maintenance operations illustrated how an interplay of contributions from a reduction in the number of PM events, probabilities of meeting various production goals, penalties due to unmet production and reliability with which maintenance decision are executed lead to different trends in the relative improvements of the integrated maintenance and production sequencing policy over the operation-dependent CBM policy.
For future work, an integrated decision-making methodology for maintenance scheduling and product sequencing needs to be developed for a manufacturing system where the condition of the equipment cannot be directly observed, but instead must be inferred from the relevant sensor readings. Such a model has recently been proposed in Ref. [30] and is more grounded in the reality of imperfectly observable equipment degradation. Fig. 19 Operation-specific transition probability matrices and maintenance transition probability matrix for integrated decision-making 
